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Abstract
In the era of ubiquitous Internet of Things (IoT) devices and wear-
able technology, the sustainable operation of battery-free systems
solely powered by energy harvesting presents both opportunities
and challenges. We introduce ScAlg, a decentralized algorithm that
leverages wake-up radios to scatter the active times of battery-free
devices in a network, ensuring continuous operation and enhanced
dependability even with tight energy constraints. Our approach
leverages intermittent computing principles to reduce redundant
activities and improve energy efficiency. By conducting simula-
tions and hardware experiments, we demonstrate the algorithm’s
effectiveness. Although this is a work in progress, our findings
show potential for strategic alignment of active times and intel-
ligent task management in achieving sustainable, batteryless IoT
systems capable of maintaining functionality in energy-variable
environments.

CCS Concepts
• Computer systems organization→ Sensor networks; • Com-
puting methodologies→ Distributed algorithms.

Keywords
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1 Introduction
Rapid technological advancements have led to a growing concern
about device energy consumption, particularly as they become
more ubiquitous in our daily lives. Wearables, smartphones, and
other IoT devices are now commonplace, and their proliferation has
raised questions about sustainability because all of these aforemen-
tioned things of the internet are usually battery-powered. Battery
replacement or recharging is a burden for the user and requires
additional cyclic maintenance over the device’s lifetime.

Intermittent computing (IC) is a paradigm that aims to address
this issue by using energy harvesting to power devices. As the
harvesting power is usually insufficient to power the device contin-
uously, energy accumulates in a small capacitor. Once the capacitor
is charged, the device can operate for a limited time before it runs
out of energy.

However, this approach has its own set of challenges, as many
common software and hardware development paradigms become
void. For example, the assumption of a continuous and reliable
power supply is no longer valid, and the system must be able to
handle energy shortages gracefully. While [3, 7] present different
methods for keeping a notion of time despite power outages. The
methods presented in [19] improve the responsiveness of intermit-
tent systems while maintaining forward progress. The feasibility of
long-term monitoring without batteries has been proven by [2, 15].

Despite these advances, challenges remain. Due to the nature of
intermittent systems and the fact that they are not always available,
they are seen as unreliable for tasks with timely requirements like
event detection. It can be challenging to detect an event with a
single node, as the node might be inactive at the event’s occurrence.
Using multiple nodes increases the chances of detecting an event.
However, they still might all be inactive at the same time, or a
packet collision might occur if they try to indicate a detected event
simultaneously. [12, 13] group a set of batteryless devices and try
to distribute the active times so that the network can maintain a
continuous operation despite intermittent devices. As energy is
scarce, both works avoid communication and rely on heuristics
and statistics to determine the active times of the co-located de-
vices. While such attempts have shown significant improvements
over the baseline without any shifting of active times, they still
suffer because the devices are unaware of co-located devices. Rising
technologies like wake-up radios (WuR) enable low-power one-
directional communication, allowing energy-efficient coordination
among devices [4]. Inspired by [10], which calls this procedure
scattering of wake-up times, we propose a decentralized scattering
algorithm that shifts the active times of batteryless devices in a
network so that the network can maintain a continuous operation
with an equidistant sampling rate. We exploit wake-up radios to
scatter the devices’ active times so that for a given task set that
must be executed periodically, e.g., event detection, we can ensure
bounds for the execution period depending on the devices’ energy
availability. This reduces redundant work, leading to lower channel
occupancy. It also avoids packet collisions and lowers the chances
of missed events, thus increasing the system’s overall dependability.

This paper makes the following key contributions, which differ-
entiate it from the state of the art:
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(1) We extend existing wake-up scattering approaches to bat-
teryless sensor nodes by explicitly considering the energy
intake and harvesting constraints.

(2) We propose a solution applicable to batteryless sensors with
both homogeneous and heterogeneous energy availability.

(3) We develop a decentralized scheduling algorithm, ScAlg,
which does not rely on statistical properties or heuristics,
thereby enabling predictable and reliable operation.

Together, these contributions enable continuous and dependable
sensor network operation by shifting nodes’ active times with
energy-aware scheduling using wake-up radios, thereby reducing
packet collisions, lowering redundant communication, and increas-
ing overall system dependability. We demonstrate the effectiveness
of our approach through simulations and hardware experiments
using the hardware presented in [15].

2 Related Work
TheCoalesced Intermittent Sensor (CIS) concept, introduced by [13],
combines multiple co-located intermittent sensor nodes into one
virtual sensor. They claim that the devices’ active times are dis-
tributed over time solely through inherent component variations.
Based on this, the availability 𝐴V of a CIS can be modeled as a
function of the number of nodes 𝑁 , a sensor’s on time 𝑡on, and its
power cycle time 𝑡p (i.e., the time between two consecutive power
outages), given by

𝐴V (𝑁 ) = 1 −
(
1 − 𝑡on

𝑡p

)𝑁
. (1)

Equation (1) shows that the availability of the sensor increases with
a higher number of nodes or higher 𝑡on of each node. One drawback
of this approach is the assumption that all nodes experience the
same amount of harvestable energy and that active times distribu-
tion arises only from hardware variations. This makes it difficult to
predict the sensor availability dependably.

In contrast, our work adopts the CIS concept but exploits energy-
efficient communication via wake-up radios to deliberately align
the active times of nodes in a predictable manner, also supporting
heterogeneous energy availability among nodes.

Islam et al. [12] propose two methods for scattering the active
times of co-located devices. Their first method, Prime-Co-Prime
Duty Cycle selection, targets scenarios where nodes have static but
heterogeneous energy availability. Duty cycles are pre-assigned
based on prime numbers, requiring prior knowledge of relative
energy availability and synchronized clocks. While this leads to
better utilization than uniform duty cycles, redundant active times
can still occur, and the approach cannot adapt to runtime energy
fluctuations. Our algorithm adapts dynamically to changing energy
availability and strictly avoids redundant active periods.

Their second method targets scenarios with dynamically varying
energy availability. To address this, they formulate the problem
as a Decentralized Partially Observable Markov Decision Process
(Dec-POMDP), a framework for decision-making in multi-agent
systems under partial observability. The authors propose a set of
heuristics—including Randomized Binary Search (RBS) and Subop-
timal Reinforcement Learning (SRL)—to adapt duty cycles online
according to the available energy. In contrast, our algorithm does

not rely on heuristics or learning methods, yet it effectively adapts
to changing energy conditions in a deterministic and predictable
manner.

Other works [8, 10] leverage communication to scatter node
wake-up times based on the fireflies-inspired synchronizationmodel
by Mirollo and Strogatz [14]. Although these algorithms ensure no
redundant active times, they result in uniform duty cycles across
all nodes. This uniformity is energy efficient only if all nodes share
the same amount of harvestable energy, which is often not the
case. Our approach improves upon this by allowing energy-aware,
heterogeneous duty cycling that increases overall energy efficiency.

In summary, unlike prior approaches such as [10], which do
not consider energy intake and harvesting constraints, our method
explicitly incorporates these factors. Additionally, our solution sup-
ports batteryless sensors with both homogeneous and heteroge-
neous energy availability, addressing limitations found in [10], [12]
and [13]. Finally, by developing the decentralized scheduling algo-
rithm ScAlg, which does not rely on statistical properties or heuris-
tics, we enable more reliable and predictable operations compared
to related works [12] and [13].

3 Algorithm
ScAlg is a distributed algorithm for energy-aligned cyclic task exe-
cution in a network of sensor nodes. The algorithm assumes that
all nodes within the network can communicate with each other
and periodically perform the same set of tasks. Furthermore, the
nodes require a mechanism for time synchronization and are able
to determine their own sampling period as stated in Eq. (4). We use
wake-up radio messages for (relative) time synchronization and
communication. The sampling period is determined by a voltage
supervisor connected to the energy buffer and the MCU’s internal
RTC. Of course, other methods for time synchronization and sam-
pling period determination are possible. For the purposes of this
work, ScAlg is designed for single-hop, static networks where all
nodes are within communication range of each other. Multi-hop
or mobile scenarios are not considered here, as they require more
complex coordination mechanisms which are beyond the scope of
the present work.

3.1 Energy Model for Cyclic Task Execution
This section presents the mathematical model for energy-aligned
cyclic task execution for a single sensor node. We consider a sensor
node in soft-IC configuration, which means that the node does not
turn off when energy is depleted but instead enters a low-power
state [18]. For an energy-neutral cyclic task execution, it holds that

𝐸harv = 𝐸tasks + 𝐸sleep , (2)

where 𝐸harv is the energy harvested during a cycle, 𝐸tasks is the
energy consumed by the tasks, which in our case comprises the
MCU and its peripherals, and 𝐸sleep is the energy consumed during
sleep. Assuming a constant sleep and harvesting power 𝑃sleep and
𝑃harv, at least for the duration of one period 𝑇 , it holds that

𝑃harv ·𝑇 = 𝑃sleep · 𝑡sleep +
𝑛∑︁
𝑖=1

𝑃i · 𝑡i . (3)
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Table 1: Comparison of related scattering algorithms

Feature Majid et al. [13] Islam et al. [12] Firefly inspired [8, 10] ScAlg (this work)

Energy assumption Homogeneous Heterogeneous, dynamic Not accounted for Heterogeneous, dynamic
Duty cycle Implicit Prime / Dec-POMDP Uniform Adaptive, energy-aware
Energy adaptation ✗ ✓ (heur./learning) ✗ ✓ (deterministic)
Requires communication ✗ ✗ ✓ ✓

Strictly avoids redundancy ✗ ✗ ✓ ✓

Where 𝑃i is the power consumption of task 𝑖 and 𝑡i is the task’s
execution time, both are known beforehand.We can further simplify
this relation by using 𝑇 = 𝑡sleep +

∑𝑛
𝑖=1 𝑡i. For easier handling we

substitute
∑𝑛

𝑖=1 𝑃𝑖 · 𝑡𝑖 = 𝑃tasks · 𝑡tasks with 𝑃tasks = (∑𝑛
𝑖=1 𝑃𝑖 · 𝑡𝑖 )/𝑡tasks

and 𝑡tasks =
∑𝑛

𝑖=1 𝑡i. With this and Eq. (3) we can calculate the cycle
period as

𝑇 =
𝑃tasks − 𝑃sleep

𝑃harv − 𝑃sleep
· 𝑡tasks . (4)

This shows that the cycle period 𝑇 can be determined by the tasks’
power consumption 𝑃tasks and execution times 𝑡tasks, the sleep
power consumption 𝑃sleep and the harvesting power 𝑃harv. Note
that 𝑃harv must be larger than 𝑃sleep for obtaining a positive cycle
period. The size of the energy storage does not affect the cycle
period; it is only used to buffer the harvested energy.

3.2 Execution Model for Distributed Sensing
For modeling distributed sensing, we start with the case where
the network comprises 𝑁 nodes that harvest the same amount of
energy. Then, according to Eq. (4), all nodes will have the same
cycle period 𝑇 . If all nodes are aware of each other, they can shift
their execution times by a fixed amount of time Δ𝑡 =𝑇 /𝑁 relative
to each other. This means that the nodes will not execute the task
at the same time but rather in a round-robin fashion. A distributed
sample period can then be calculated with

𝑇d =
𝑇

𝑁
. (5)

Now, we remove the constraint that nodes harvest the same
amount of energy, leading to different cycle periods 𝑇𝑖 for each
node. Nodes with higher energy availability will have shorter cycle
periods than nodes with lower energy availability. Two nodes with
different cycle periods could wake up simultaneously after a certain
amount of cycles [12]. To avoid this and energy depletion for a node,
all nodes could adjust to the same sample period 𝑇s, where 𝑇s is the
period of the slowest node in the network. Afterward, the nodes
shift 𝑇s/𝑁 relative to each other, as described previously.

For these two scenarios, wake-up times could be scattered us-
ing the aforementioned algorithms based on the Mirollo-Strogatz
(Firefly) model. However, when nodes have different energy avail-
ability, this has one essential drawback. The distributed sample
period 𝑇d can get larger for 𝑁 nodes than for 𝑁 − 1 nodes. More
specifically,𝑇d (𝑁 ) > 𝑇d (𝑁 −1), leading to 𝑁 nodes doing less work
than 𝑁 − 1 nodes. Using Eq. (5), we can show that this is the case if
the following condition holds:

𝑇s (𝑁 ) > 𝑁 ·𝑇d (𝑁 − 1) . (6)

Init @3.0V
0.9mA, 700ms

Measure 3.5mA, 100ms

Process 3.5mA, 300ms

Send 17.5mA, 140ms/65msSleep200.0 µA

VOLTSUPER

@3.2V

TIME

Figure 1: Measure, process and send cycle used for the eval-
uation of ScAlg. Sub-tasks are noted with their respective
execution times and current consumption. Task execution
is either triggered by a voltage supervisor or on a temporal
basis depending on the nodes energy availability.

For example, a network with three nodes has a sample period
𝑇s (4 − 1) = 1 s leading to a distributed sample period of𝑇d (4 − 1) =
1/3 s. If a fourth node with sample period 𝑇s (4) = 3 s joins the
network, 𝑇d (4) = 3/4 s > 𝑇d (4 − 1) = 1/3 s. To tackle this problem,
we need to consider that nodes might be able to sample more than
once within a period 𝑇s. In the following, we will call this behavior
intersampling, and with this, we introduce the intersampling rate 𝑅𝑖 .
𝑅𝑖 indicates the number of times that node 𝑖 can execute a given set
of tasks within the period 𝑇s without energy depletion. In terms of
cycle periods according to Eq. (4) we can calculate the intersample
rate as:

𝑅𝑖 =
𝑇s

𝑇𝑖
. (7)

For ScAlg, we will exploit this relation to calculate the intersampling
rate for each node within the network and scatter each node’s task
execution accordingly within the slowest node’s period 𝑇s. We
furthermore extend Eq. (7) with a communication task that is not
executed 𝑅𝑖 times but only once per node per cycle.

3.3 Implementation
ScAlg relies on the distribution of a node’s sampling period, stated
in Eq. (4), to all other nodes in the network. The nodes calculate
their intersampling rate 𝑅𝑖 and shift their sampling time(s) relative
to each other. As an example, we consider the scenario where a
set of nodes is supposed to execute a measure-process-send cycle
periodically, as shown in Fig. 1. All nodes send their processed data
to a sink node, where the received data is aggregated. The time
and current consumption values are examples but are based on
real measurements. For further calculations, we assume that the
voltage is constant during task execution, leading to a constant
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power consumption for each task. The send task has two different
execution times depending on how much data is sent. The long
execution time is used when the node broadcasts its ID, followed by
the sampling period plus the data for the sink. The short execution
time is used when the node only sends its data to the sink. In this
case, other nodes do not receive any data. We differentiate between
these two cases to be more energy efficient when the intersampling
mechanism gets active.

Init phase: In the initial phase of ScAlg, the nodes are not aware
of each other nor their sampling period. Therefore, the first step is
determining the node’s sampling period. In our case, this is done by
starting the measure-process-send cycle via an interrupt triggered
by a voltage supervisor (3.2 V). After the node executes the measure-
process-send cycle, it sleeps until the next interrupt is triggered.
The node measures the time between two consecutive interrupts
to determine its own sampling period. During this phase, the node
receives wake-up messages from other nodes and processes them
but does not yet react to them. In the initial phase, we neglect this
extra energy consumption. This error vanishes when the network
stabilizes during the operational phase because the slowest node
keeps measuring its sample period.

Operational phase: Once the node has determined its sample
period, it starts broadcasting it and enters the operational phase
where the wake-up time scattering starts. Over time, a node be-
comes aware of all the other nodes in the network and their sam-
pling periods. Hence, every node can maintain a list of all known
nodes in the network and their sampling periods. In descending
order, we sort this list by the node’s possible sampling period. If
nodes have the same sampling period, we also sort the list by the
node’s ID to avoid an ambiguous order. Thus, we can assume that
𝑇𝑖+1 ≤ 𝑇𝑖 , 𝑖 ∈ 1, ..., 𝑁 . This will lead to all nodes having exactly
the same list, which is important for determining a unique relative
shift for each node. With this list, the nodes calculate the inter-
sampling rates 𝑅𝑖 based on the slowest sampling period 𝑇s = 𝑇1.
We extend the 𝑅𝑖 calculation from Eq. (7) with the processing task
when a broadcasted sampling rate from another node is received.
This means that within the period𝑇s the node needs to have enough
energy intake to execute the measure-process-send cycle 𝑅𝑖 times
and the reception task 𝑁 − 1 times, once for receiving from each of
the other 𝑁 − 1 nodes. Using Eq. (4) and Eq. (7) we can then infer
that the intersampling rate 𝑅𝑖 for node 𝑖 can be calculated with:

𝑅𝑖 =

⌊
1

𝑎 − 𝑏

(
𝑇s

𝑇𝑖
· (𝑎 + (𝑁 − 1) · 𝑏) − 𝑁 · 𝑏

)⌋
(8)

𝑤𝑖𝑡ℎ :
𝑎 = (𝑃tasks − 𝑃sleep) · 𝑡tasks
𝑏 = (𝑃recv − 𝑃sleep) · 𝑡recv

Note that by flooring the value we consider the maximum integer
value for 𝑅𝑖 that the node can operate in without energy depletion.
With all 𝑅𝑖 , we can calculate the distributed sampling period with

𝑇d =
𝑇s∑𝑁
𝑖=1 𝑅𝑖

. (9)

Finally, we determine how to shift the nodes. Therefore, we take
the node with the slowest sampling period𝑇s as the reference node.
It will continue executing the measure-process-send cycle triggered

Message received Update nodes list

From
reference
node?

No action

Schedule tasks based on 𝜙𝑖 and 𝑅𝑖

no

yes

Figure 2: Update procedure of ScAlg on reception of a wake-
up message.

by the voltage supervisor interrupt and update its sampling period.
With this approach, the network adapts quickly to changes in the
energy availability of the reference node. The other nodes start
sampling on a temporal base and shift their active times relative to
it according to the calculated 𝑅𝑖 . These nodes disable the voltage
supervisor interrupt but keep broadcasting their last measured
sampling period. This way, new nodes joining the network can
adapt, and failing nodes can be detected by the missing messages.
For synchronization, we use the reception time of the message the
reference node sends. On reception of the wake-up message, all
nodes calculate their relative shift with:

𝜙𝑖 =

(
𝑖−1∑︁
𝑘=1

𝑅𝑘

)
·𝑇d − 𝑡𝑡𝑎𝑠𝑘𝑠 . (10)

With Eq. (10), the nodes start sampling in the order they are listed
in the nodes list, considering the intersample rate of the preceding
nodes. We subtract the tasks’ execution times, considering that
the message is sent after the reference node’s task execution. The
update and shift procedure is also shown in Fig. 2. An example for
the resulting shifts 𝜙𝑖 and intersampling rates 𝑅𝑖 is shown in Fig. 3.

4 Evaluation
To evaluate the performance of ScAlg and demonstrate its feasibility,
we conduct experiments using both hardware and simulation.

We use the hardware presented in [15], which provides features
that simplify the implementation of ScAlg. It uses a solar cell as an
energy harvesting source, connected to a maximum power point
(MPPT) controller. With this architecture, 𝑃harv does not depend
on the voltage of the energy storage (here a capacitor with 47mF),
which in turn depends on the (previous) power consumption. This
leads to a steadier 𝑃harv, which is advantageous for ScAlg.

Furthermore, it features a wake-up receiver and a transceiver.
The wake-up receiver supports three addressing modes: unicast,
multicast, and broadcast, enabling selective wake-up. In addition, it
provides extra data reception of up to five bytes, facilitating broad-
casts. The latter comes in handy for the implementation of ScAlg
as it allows the broadcast of the sampling period without turning
on the primary transceiver. Furthermore, it enables the nodes to
synchronize on incoming messages because the WuR signals a
wake-up ID match via a GPIO pin that triggers an interrupt on
the MCU. According to the datasheet [9], its current consumption
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Figure 3: Simulated capacitor voltages (above) and current
consumptions (below) of five sensor nodes running ScAlg
with differing charging powers ranging from 1mW (Node 1)
to 3mW (Node 5). The nodes’ wake-up times are scattered to
distribute the workload.

is ≤ 3.5 µA, making data reception cheaper, from an energy per-
spective, compared to traditional transceivers. For comparison, the
current consumption of the Transceiver CC1101 is around 15mA
in RX mode [17].

The simulation results are obtained with a simulator based on
NS-3 [1]. A detailed sensor node model is given in [11]. The math-
ematical model for the energy household is presented in [6]. For
communication, we use NS-3’s spectrum framework [5].

4.1 Simulation Results
Figure 3 shows the simulated capacitor voltages and current con-
sumptions of five sensor nodes running ScAlg after scattering the
nodes’ wake-up times. In this scenario, each node has a differ-
ent charging power, starting from 1mW for node 1, increasing by
0.5mW with each subsequent node up to node 5 with 3mW. From
the current consumption we can infer when a particular node ex-
ecutes a task. Lower current values around 2.5mA correspond to
measurement and processing tasks, while peaks indicate data trans-
mission. Spikes following the transmission phases represent data
reception and processing from other nodes. Node 1 is the slowest
node with a sampling period 𝑇s ≈ 25 s resulting in a distributed
sampling period of𝑇d ≈ 1.19 s. An increase in charging power from
1mW to 1.5mW for node 2 already enables an intersampling rate
𝑅2 = ⌊2.7⌋ = 2, reflected in two current peaks. Node 5, with 3mW
charging power, achieves 𝑅5 = ⌊8.2⌋ = 8. The voltage plot shows
that node 1 triggers task execution when the capacitor voltage
reaches 3.2V. Other nodes operate on time-triggered schedules
with voltages above this threshold, consistent with their inability to
exploit the full charging power immediately. Consequently, voltage
levels rise slowly over time if the intersampling rate is not an exact
integer.

0 5 10 15 20
0

100

200

ScAlg

without any
scattering

Distributed sampling interval 𝑇d (s)

N
um

be
ro

fw
ak
e-
up

s

Figure 4:Wake-up distribution for a 2 h experiment involving
five sensor nodes, each powered with 1mW. The histogram
shows the number of occurrences of the distributed sampling
interval 𝑇d with a bin width of 0.5 s. With the scattering al-
gorithm (ScAlg, red) enabled, measurement events are more
uniformly distributed, reducing simultaneous wake-ups and
collisions. Without scattering (blue), measurement events
tend to occur in close temporal proximity, resulting in over-
lapping wake-ups and increased network contention.

4.2 Experimental Results
We used a testbed consisting of five sensor nodes for our hard-
ware experiment. Each node received a constant charging power of
approximately 1mW from a solar cell emulator as described in [16].

Figure 4 shows the statistical distribution of the distributed sam-
pling period 𝑇d during approximately 2 h of operation, comparing
scenarios with and without ScAlg. Although all nodes were supplied
with the same charging power, the sample periods varied between
roughly 20 s and 40 s due to hardware variances among individual
nodes. When ScAlg is enabled, nodes successfully scattered their
wake-up times, resulting in a more uniform distribution of measure-
ment events with an average distributed sampling interval 𝑇d of
about 8.12 s and a standard deviation of 2.86 s. In contrast, without
scattering, the nodes’ wake-up times spread significantly, leading
to an average 𝑇d = 6.40 s and a standard deviation of 4.96 s. While
nodes running ScAlg completed 440 samples during the test pe-
riod, nodes without scattering sampled more frequently (560 times),
which appears advantageous at first glance. However, the more
frequent sampling without scattering leads to increased packet col-
lisions, redundant transmissions, and higher channel occupancy.
ScAlg avoids these issues by enforcing equidistant sampling times,
trading off aggressive sampling for improved efficiency and relia-
bility of network operation.

4.3 Analysis and Insights
The benefits of ScAlg are evident in both simulation and hardware
experiments. The results demonstrate how ScAlg effectively dis-
tributes the active times of sensor nodes, allowing them to operate
efficiently even with varying energy harvesting capabilities.

As ScAlg relies on communication between nodes, it is essential
to consider the energy overhead associated with this communica-
tion. The energy overhead is primarily caused by sending a wake-up
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message once per cycle, processing the 𝑁 − 1 received wake-up
messages and the wake-up receiver’s energy consumption while
listening for wake-up messages. Therefore, the energy overhead
can be calculated with,

𝐸overhead = 𝑃WuR ·𝑇s + (𝑁 − 1) · 𝑃process · 𝑡process + 𝑃send · 𝑡send . (11)
For further comparison, we take the values from our hardware and
our use case from Section 3, i.e., 𝑃WuR = 10.5 µW, 𝑃process = 4.5mW,
𝑡process = 20ms, and 𝑃send = 52.5mW, 𝑡send = 75ms. With these
values, considering a sampling period of 𝑇s = 25 s, we can denote
the energy overhead of ScAlg for a network of five nodes with
4.56mJ per sampling period. With a charging rate of 1mW we
have 25mJ available per sampling period, which means that the
energy overhead of ScAlg is 18.2% of the available energy. This
amount could be further reduced by reducing the wake-up message
broadcasts to every 𝑘-th sampling period or broadcasting only on
considerable changes in energy availability, which would reduce
the number of wake-up messages sent and received.

In contrast, without ScAlg 18 % of the sample periods are lower
than 1.9 s. Leading to redundant data, higher channel occupancy
and a higher probability of packet collisions. Additionally, around
32% of the wake-ups without scattering happen with a sampling
period higher than the average distributed sampling period of ScAlg
(8.12 s), which could lead to missed events or data.

The obtained average distributed sampling period of ScAlg is
26.8% longer than the average sampling period without scatter-
ing, which reflects the energy overhead of ScAlg. Therefore, ScAlg
reduces the standard deviation of the sampling period by 42.3%
and the IQR (interquartile range) reduces from 6.6 s to 0.4 s (93.2 %).
These reduction values indicate that ScAlg effectively reduces the
variance in sampling periods, leading to a more stable and pre-
dictable sampling behavior in the network.

5 Conclusion
We present our ongoing work ScAlg, a distributed scheduling algo-
rithm that leverages wake-up radios to scatter node active times in
battery-free networks. Our simulations and hardware experiments
show that ScAlg significantly reduces sampling variability (42.3 %
lower standard deviation, IQR reduced by 93.2 %) while increasing
the average sampling interval by about 26.8 %. These reduction val-
ues indicate that ScAlg effectively reduces the variance in sampling
periods, leading to a more stable and predictable network behavior.
The energy overhead of ScAlg is moderate, increasing sampling
energy by roughly 18.2% in our setup, which remains acceptable
given the benefits.

Our current work focuses on refining the algorithm and ex-
ploring additional optimization techniques, such as adaptation to
rapidly changing energy harvesting conditions or the distribution
of the inter-sample times. The latter is not optimal as it requires a
larger energy storage than necessary. Extending ScAlg to multi-hop
and larger-scale networks is another promising avenue to enhance
its applicability. We plan to make ScAlg’s source code publicly
available upon completion of our work.
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